The use of genetic markers as instrumental variables (IV) is receiving increasing attention from economists. This paper examines the conditions that need to be met for genetic variants to be used as instruments. We combine the IV literature with that from genetic epidemiology, with an application to child adiposity (fat mass, determined by a dual-energy X-ray absorptiometry (DXA) scan) and academic performance. OLS results indicate that leaner children perform slightly better in school tests compared to their more adipose counterparts, but the IV findings show no evidence that fat mass affects academic outcomes.
1.

Introduction
'Mendelian randomization' refers to studies that exploit the random assignment of an individual's genotype from his/her parental genotypes that occurs at conception (Davey Smith and Ebrahim, 2003) . Under certain assumptions that we discuss in detail below, correlations between genetic variants and the outcome of interest cannot be due to reverse causation or confounding by behavioural or environmental factors, including those that occur in utero. Mendelian randomization can therefore be exploited to make causal inferences about the effects of modifiable (non-genetic) risk factors, also called phenotypes, on different outcomes ).
This approach is receiving increasing attention from economists, several of whom have attempted to identify the causal effect of Body Mass Index (BMI) on economic outcomes (Norton and Han, 2008; Fletcher and Lehrer, 2008; Ding et al., 2009) . 1 We contribute to this literature in a number of ways. First, we detail the specific conditions that need to be met for genetic variants to be used as instruments. Genetic epidemiology studies emphasize the importance of carefully examining these conditions, 2 but they have not been well defined in the current economic literature. The increasing availability of biomedical data however, makes understanding of these conditions crucial to the successful use of genotypes as instruments for modifiable risk factors. We therefore discuss the conditions as defined in the epidemiology literature and relate them to the IV assumptions as used in the statistics and economics literature. Second, our empirical application investigates whether child adiposity (fat mass) causally affects academic achievement, using recently identified genetic variants as instrumental variables for adiposity. These variants, in contrast with other genetic variants that have been used in the economics literature, have been shown to be robustly associated with BMI and fat mass in large population samples. Third, recent literature (Burkhauser and Cawley, 2008) has identified the need for a more accurate measure of body size than the commonly used BMI. We use a direct measure of the child's body fat mass, determined by a dual-energy X-ray absorptiometry (DXA) scan. Fourth, our outcome of interest is an objective, independent and comparable assessment of children's achievement. We use the child's score on the UK's nationally set exam taken by all 14-year olds in the English state school system (known as Key Stage 3 tests). Our data further contain rich information on a wide range of family background variables from a large cohort of UK children, allowing us to 1 BMI is defined as weight in kg divided by height in metres squared. 2 See for example Davey Smith and Ebrahim (2003) and and references therein.
control for several measures of mother's health and behaviour that may affect both children's body size and educational outcomes, but which are not generally observed in survey data.
When accounting for the endogeneity of child adiposity by using carefully selected genetic variants, we find no evidence of a causal relationship between adiposity and children's academic performance, although the parameters are imprecisely estimated. In contrast, ordinary least squares (OLS) estimates show an inverse association.
The next section introduces our empirical application. Section three presents the estimation strategy, details the conditions that need to be met for genetic variants to be used as instruments, discusses the existing literature and presents our choice of genetic variants.
Section four introduces the data. The results are presented in section five; section six concludes and discusses the implications of our findings.
Child Adiposity and Academic Achievement
We focus on the effect of children's fat mass on their academic performance. There are three ways in which the two can be related. First, obesity could cause lower academic performance.
Second, poor results may cause obesity. And third, instead of there being a causal relationship, the association may be driven by other unobserved characteristics relating to both weight and academic outcomes.
Various pathways have been suggested through which children's adiposity may affect their educational outcomes. Obese children have been shown to be more likely to be absent from school than non-obese children (Geier et al., 2007) , which in turn may affect their educational outcomes. Furthermore, associations between obesity and health during childhood may affect educational achievement. For example, obese children are more likely to have sleep apnoea or other sleep disorders (Redline et al., 1999) , which are negatively related to cognitive functioning. Another pathway could be that obese children are treated differently by teachers, parents and peers, affecting their (learning) environment (Schwartz and Puhl, 2003) . Obese children may be bullied, lowering their self-esteem and harming their educational development. Lower popularity may also lead to ostracism; if this means that, rather than engaging in social activities, children spend more time on their studies, this could lead to better school outcomes. Similarly, fewer recreational activities can increase children's weight and simultaneously increase the time that can be spent on studying (Kaestner and Grossman, 2008) .
The reverse causal relationship implies that poor school outcomes cause differences in adiposity, rather than adiposity causing differences in academic performance. Perhaps some children eat excessively to compensate for doing poorly at school. Or conversely, stress caused by poor achievement may lead to reduced appetites and subsequent weight loss (Sabia, 2007) .
In terms of unobserved characteristics relating to both adiposity and academic outcomes, even after controlling for an extensive set of background characteristics, there may still be a host of other unobserved family or child factors that are related to both obesity and outcomes.
For example, socio-economic position may shape both diet and attitudes to schooling, affecting both weight and school performance. Unobserved time discount rates may be positively related to child weight (i.e. children may be overweight because they place less value on the future) and -with the same reasoning -negatively related to the child's human capital investment and educational outcomes. Similarly, rather than engaging in physical activity, overweight children may have an (unobserved) preference (e.g. level of discipline)
to devote this time to studying which in turn increases their academic achievement.
The Use of Genetic Variants as Instruments for Child Adiposity
The Estimation Strategy
We examine the impact of child adiposity at age 11 on their educational outcomes at age 14.
We model adiposity as part of a child education production function:
where i S , the academic performance of child i, is a function of the child's adiposity i A , a set of child and family background characteristics i X and parental health and behaviour i P . The variable represents the unobserved component, which includes both unobserved child attributes and unobserved parental/family behaviour. We start with a simple linear model:
with β as the parameter of interest: the average relationship between child adiposity and academic achievement. We then augment equation (2) to include the additional sets of E S Z
where is the derivative of
g a w.r.t. a evaluated at . Therefore, the IV estimator is a weighted average of the derivative function. As Angrist, Graddy and Imbens (2000) show, when the causal response function is linear
i.e. the IV estimate is a weighted average of the random coefficients i β , with the weights proportional to the adiposity change induced by the genetic variant. In the case of multiple instruments, is a weighted average of the Wald estimators using the instruments one at the time. With multi-valued rather than binary instruments, is a weighted average of the average causal derivatives calculated at each value of the instrument. In both cases, the weights are determined by the relative strength of the instrument in the first stage regression of adiposity on the genetic variants (Angrist and Pischke, 2009; Angrist, Graddy and Imbens, 2000) .
Mendelian Randomization
This paper discusses the use of Mendelian randomization from an economic perspective, with the aim of making causal inferences of the effect of a modifiable risk factor on the outcome of interest. Mendelian randomization however, is closely linked to other study designs used in epidemiology and economics. First, it is linked to the treatment effect literature, where the 'treatment' refers to carrying specific genetic variants. Second, Mendelian randomization is closely related to Randomised Controlled Trials, where the allocation of treatment is randomised over all eligible individuals, as there is an equal probability that either parental allele is transmitted to offspring. Whilst this random allocation is at a family trio level, at a population level it has been demonstrated that genetic variants are largely unrelated to the many socioeconomic and behavioural characteristics that are closely linked with each other and that confound conventional observational studies (Bhatti et al., 2005; Davey Smith et al., 2008; Kivimäki et al., 2008; . This therefore suggests that genetic variants are independent of behavioural or environmental factors that may affect the outcome of interest, satisfying Assumption 1 above.
We use Mendelian randomization to make causal inferences about the effect of fat mass on educational attainment. We estimate equation (2), using the child's genetic variants as instruments for its fat mass. Although IV methods are widely used in economics, the use of genetic variants in this field is new. When using Mendelian randomization experiments, genetic epidemiology studies emphasize the importance of carefully examining several situations and (biological) processes that may violate the assumptions mentioned in section 3.1 (see e.g. Davey Smith and Ebrahim, 2003; . The existing studies in economics, however, have mainly failed to do so. We therefore begin with a discussion of the conditions that need to be met to obtain causal estimates of the effect of the risk factor on the outcome of interest. 3 We discuss the concepts defined in the epidemiology literature and relate them to the above assumptions as used in the statistics and economics literature. In this discussion, we focus on our research question: the effect of child adiposity (the modifiable risk factor of interest, sometimes referred to as the intermediate phenotype in Mendelian randomization studies -see Appendix A) on academic achievement (the outcome of interest) and examine the issues that arise in this context.
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The first condition relates to Assumption 2, the robustness of the association between the genetic instrument and the risk factor of interest. Mendelian randomization can only be used with genetic variants that have been robustly shown to affect this risk factor. This means it relies on prior knowledge about the association between genotype and phenotype, as shown in a large number of independent studies. This latter point is especially important, as many initial genetic associations fail to replicate (Colhoun, McKeigue and Davey Smith, 2003) .
Without a robust and consistent population association, even if a significant sample correlation exists, Assumption 2 may be violated. Any correlation may simply be due to factors such as measurement error (in genotype or phenotype) or chance.
However, even if a suitable and robust genetic instrument is available, it may explain little of the variation in observed phenotype. A weak association could result in a biased estimate and has implications for statistical power. If the alleles shift the adiposity distribution by a very small amount, the effect of adiposity on educational attainment is identified only by this small difference in mean adiposity, emphasizing the need for very large sample sizes, especially when the average causal effect of the risk factor on the outcome could be small. This, of course, is not a problem specific to Mendelian randomization, but refers to a more general problem of weak instruments, often encountered in IV studies (e.g. Angrist and Krueger, 1991) .
There can in principle be various situations in which Assumption 1 -that of independence and exclusion of the genetic variants -does not hold, making the instruments invalid. A first situation is that 'behaviours' may be affected by the genotype. As children inherit their genes from their parents, in a study of children's outcomes it is important to consider whether parents' behaviours or preferences are affected by their genotype. For example, mothers who carry 'fat' alleles may be discriminated against in the labour market because of their higher 3 For a brief description of some key concepts in genetic epidemiology see Appendix A.
weights (Cawley, 2004) . If this affects her behaviour or preferences for her child's education, Assumption 1 may be violated.
A second situation relates to the mechanisms through which genetic variants affect fat mass.
These are often unknown. 5 For example, if the mechanism involves changes in behaviour, preferences or brain chemistry that in addition to affecting adiposity also directly affect the outcome, Assumption 1 will be violated. If the mechanisms only result in changes to adiposity (i.e. they do not affect the outcome), Assumption 1 will not be violated.
Thirdly, population stratification refers to a situation in which there exists a systematic relationship between the allele frequency and the outcome of interest in different subpopulations. This can lead to an association between the two at the population level without an actual causal relationship. For example, allele frequencies can vary across ethnic groups.
Any systematic differences in educational outcomes across these subpopulations that are not due to a genetic make-up may therefore lead to biased estimates of the effect of adiposity by violating Assumption 1. As a result, it is necessary in Mendelian randomization studies to test whether certain population subgroups are more likely to carry the genetic variant than others.
Fourthly, the genetic instrument may be related to other genetic variants that affect the outcome of interest. Mendel's second law states that the inheritance of one trait is independent of the inheritance of another. However, it has been shown that this does not always hold and that some variants are likely to be co-inherited, especially if they are physically close to each other on a chromosome. Depending on the effects of the co-inherited variant, this so-called 'Linkage Disequilibrium' (LD) can bias the estimates. If our instrument Z is in LD with another polymorphic locus that affects only the phenotype , the IV estimates remain consistent. However, if A Z is in LD with a polymorphic locus that directly affects the outcome , Assumption 1 is violated and the estimate will be biased and inconsistent. Relatedly, there is the situation of pleiotropy, where one genetic variant has S 5 Until recently, researchers mainly used a 'candidate gene approach' to examine associations between genetic variants (for definitions, see Appendix A) and phenotypes. This approach consists of testing a specific hypothesis: based on biological knowledge, researchers examine the association between one particular genetic variant (the candidate genetic variant) and a phenotype. These studies produced many false-positive findings (Colhoun et al., 2003) and were inefficient. Genome wide association studies (GWAS) followed, genotyping 500,000 to over 1,000,000 SNPs in one go and relating all SNPs to the phenotype of interest in a hypothesis-free way. Stringent criteria are used for GWAS p-values to take account of this hypothesis-free approach. Studies are either two-stage studies, where one or more GWAS is performed on samples of individuals, after which the small number of SNPs that reach GWAS levels of statistical significance are typed in other independent samples to examine the extent of robustness. Alternatively, studies consist of a number of independent GWAS containing a large total sample size, where only those SNPs that have consistent associations across all studies are interpreted as robust.
multiple functions. The case is similar to that of LD, and will invalidate the IV approach if the pleiotropic effect influences children's educational outcomes S directly, but not if it affects only other characteristics that are unrelated to the outcome of interest.
Finally, another biological process that may bias causal estimates in Mendelian randomization studies is canalisation. This refers to a process by which potentially disruptive influences of the risk factor on the outcome are buffered by foetal or post-natal developmental processes. In other words, where there is evidence during development of differences in an important characteristic (e.g. very high levels of a specific protein) that leads to organs or systems that would be affected by that characteristic to develop differently to avoid adverse consequences. Canalisation may therefore alter the association between genotype and outcome, without any change in the relationship between genotype and risk factor.
With the exception of canalisation, whether Assumption 1 is violated by the conditions outlined above can, in principle, be tested using standard statistical tests of overidentification. However, various studies have directly examined the relationship between genetic variants and individual or family characteristics. These studies provide insight into whether genetic variants are likely to be related to background characteristics or preferences.
Davey for example, estimate pairwise correlations between non-genetic variables and genetic variants and compare the number of correlations that are statistically significant at conventional levels with the number expected by chance if all variables were uncorrelated. This sheds light on the degree of confounding that Mendelian randomization studies may be subjected to. 6 Their findings show 45% of the 4,560 pairwise correlations between behavioural, socioeconomic and physiological factors to be significant at the 1% level. In contrast, genetic variants show no greater association with each other, or with the behavioural, socioeconomic and physiological factors than would be expected by chance.
Similarly, to investigate potential selection bias, Bhatti et al. (2005) explore differences in polymorphism frequencies by willingness to participate in epidemiologic studies. They examine three studies with different recruitment designs and different participation incentives. Conditional on having provided blood or saliva samples, they investigate whether genotype frequencies differ by the timing of non-response to questionnaires (early, late and never responders). They find no evidence of correlations between genotypes and response characteristics.
With random allocation of genetic variants and the fact that individuals do not know their genotypes, we assume that an individual who carries the risk allele is at least as heavy as the same individual, had she not carried the risk allele, thus satisfying the monotonicity Assumption 3. As this relies on knowing each individual's counterfactual however, this remains an assumption. The literature only tells us that, at a group or population level, those who possess the genetic variant are heavier than those who do not. The monotonicity assumption could for example be violated in the presence of gene-environment interactions. 
The Empirical Evidence using Genetic Variants
The existing economics literature includes three studies that exploit genetic variation to identify the effects of BMI on economic outcomes; they reach different conclusions. Health data) to exploit within-family genetic inheritance with slightly different genetic variants. They find no evidence that obesity affects academic achievement. In addition to DAT1 and DRD2, their instruments include the dopamine D4 receptor (DRD4), the serotonin transporter (5HTT), monoamine oxidase (MAOA) and cytochrome P4502A6 (CYP2A6).
Finally, Norton and Han (2008) examine the effects of BMI on labour market outcomes using DAT1 and DRD4 as instrumental variables for BMI and find no evidence of a causal association.
The discussion in Section 3.2 above highlights the importance of the choice of genetic variants in Mendelian randomization experiments. It states that consistent and robust associations should have been shown between the genotype and phenotype in a large number of independent studies. The three economic studies cited above do not appear to have taken this approach (Lawlor, Windmeijer and Davey Smith, 2008) . Rather than basing their selection of genetic variants on associations that are robustly shown in the literature, their choice of instruments seems rather ad hoc: using either forward stepwise estimation (Ding et al., 2009) or selecting those SNPs that have statistically significant sample correlations in the first stage (Fletcher and Lehrer, 2008) . In fact, both Ding et al. (2009) given that the evidence of a robust association for these variants is lacking, this is not surprising (Lawlor, Windmeijer and Davey Smith, 2008) . Furthermore, Norton and Han (2008) argue that the effects of the genetic variants differ by gender, while Patsopoulos et al. (2007) note that most claims of gender differences are spurious. Finally, Norton and Han (2008) use several variants as additional controls rather than instruments, as they fail the over-identification tests (SLC6A4, MAOA, DRD2 and CYP2A6). Fletcher and Lehrer (2008) and Ding et al. (2009) use several of these as their instruments.
The Genetic Variants used in the Present Study
We use two SNPs that have been consistently shown to relate to BMI and adiposity in children and adults. Using a total of 38,759 individuals aged between 7 and 80 from 13 different cohorts of European ancestry, Frayling et al. (2007) explore the association between FTO and BMI, fat mass, the risk of being overweight and the risk of being obese. They find a positive association between the risk allele (A) and all measures of adiposity for individuals in all cohorts, in all countries, of all ages and of both sexes, with no difference between males and females. They show that FTO is specifically associated with fat mass, with weaker associations with lean mass. In addition, there is no association between FTO and birth weight, or FTO and height, suggesting that the relationship with BMI is largely driven by individuals' adiposity. They find that each copy of the risk allele is associated with an average increase in BMI of 0.2 units at age 7, to 0.4 units at age 11. For the average agespecific height, this refers to a weight increase of 0.3 and 0.9 kg respectively. As the genetic model for FTO is additive, meaning that each risk allele affects the phenotype by a similar amount, 11-year-olds who are homozygous for the rare allele (AA) are on average 1.8 kg heavier compared to those carrying no rare alleles. Using age-specific growth charts of weight, this corresponds to an increase from the median to the 58 th percentile. However, there is much variation around this mean effect; the R 2 of a (linear) regression of adiposity on FTO is less than 1%.
Several different SNPs near MC4R have been associated with adiposity. We use the SNP identified by Loos et al. (2008) . In addition to replicating the FTO findings, they find a positive relationship between rare allele (C) of MC4R and adiposity in genome-wide association data from 16,876 individuals and confirm this relationship in an additional 60,352 adults and 5,988 children. They find no differences by gender, and no effects on birth weight or children's height, again suggesting the association is mediated largely through an effect on adiposity. The genetic model for MC4R is dominant, meaning that the presence of any risk allele -either one or two -is associated with a similar increase in adiposity (Timpson et al., 2009 ). The findings on both FTO and MC4R have since been replicated in other studies and meta-analyses (see e.g. Willer et al., 2009 ).
Our choice of genetic variants can be related to the assumptions for suitable use of genetic variants as instruments discussed in Section 3.1 and 3.2. First, the prior findings of robust associations between the genetic variants and individual adiposity justify their use as instruments (Assumption 2). Each FTO risk allele leads to an average increase of 0.9 kg;
carrying one or two MC4R risk alleles is related to an average increase of 0.6 kg. As mentioned above however, with much variation around this mean effect, our two genetic variants explain little of the total variation in adiposity: R 2 < 1%. Using the standard statistical tests, we will examine the strength of our instruments in the application below.
Second, we are able to test whether our genetic variants are correlated with a wide range of maternal characteristics and behaviours (Assumption 1). We also examine whether our variants are associated with various child and family background characteristics by testing whether there are specific patterns in observable characteristics between homozygotes for the common allele, heterozygotes and homozygotes for the rare allele. In this exercise, we examine all covariates used in our analysis as well as an additional random set of background variables that are not included in our specifications. The latter will provide further evidence that our instruments are likely to satisfy Assumption 1. As discussed in Section 2 however, even after examining a broad range of background indicators, there may still be other variables unobserved to the researcher. We therefore rely on the theory of random allocation of genetic variants and on the empirical evidence that shows that genetic variants are unlikely to be related to unmeasured confounders (Bhatti et al., 2005; Davey Smith et al., 2008; Kivimäki et al., 2008; . Third, the possible mechanisms through which FTO and MC4R affect adiposity are increasingly studied in the medical literature. Although this work is ongoing, the current evidence suggests that the variants are associated with an increased consumption of fat and energy . The literature suggests that the SNPs increase food intake due to diminished satiety (Wardle et al., 2008) , rather than through pathways that affect our schooling outcome of interest, suggesting that Assumption 1 is satisfied.
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Fourth, as noted in section 3.2, genetic confounding may occur due to population stratification, LD or pleiotropy. Although FTO-allele frequencies are known to vary by ethnic group (Frayling et al., 2007) , population stratification due to ethnicity is not likely to be a problem in our data, as our cohort is recruited from a specific geographically defined region with a predominantly white population. In our analysis however, we only include children whose mother describes herself and the child's father as white. Pleiotropy or LD would bias the IV estimates if the variant affects the outcome directly or if the linkage is with another variant that directly affects educational attainment. For example, if the genetic variant used as the instrument directly affects IQ or is in LD with a variant that affects IQ, the IV estimate of the causal effect of adiposity on educational outcomes would be biased. LD however, is not likely to occur for genetic variants on different (non-homologous) chromosomes, and the degree of linkage is a function of the distance between the loci. For our genetic variants to be in LD with an 'ability marker', they would therefore have to sit on the same chromosome and be physically close to each other. Similarly, if FTO and MC4R are markers for -saysleeping problems or self-esteem and through that affect both adiposity and outcomes, they would be invalid instruments. In Appendix B, we examine the relationship between our variants and a variety of factors that may affect educational outcomes. These show no evidence of a consistent association between our variants and a wide range of factors, suggesting that Assumption 1 is satisfied. Finally, as noted above, the mechanisms through which FTO and MC4R affect adiposity are unknown, but the evidence to date suggests that size at birth is not affected by these variants. Therefore, canalisation during the foetal period is unlikely to be a problem here.
Data
Our data are from a cohort of children born in one geographic area (Avon) of England.
Women eligible for enrolment in the population-based Avon Longitudinal Study of Parents and Children (ALSPAC) had an expected delivery date between 1 April 1991 and 31
December 1992. Approximately 85% of these mothers enrolled, leading to about 14,000
pregnancies. The Avon area has approximately 1 million inhabitants and is broadly representative of the UK as a whole, although slightly more affluent than the general population (Golding et al., 2001) . 10 Detailed information on the children and their families has been collected using a variety of sources, including self-completed questionnaires, data extraction from medical and educational records, in-depth interviews, and biological samples.
Hence, the variables in ALSPAC relate to an unusually wide range of child health and development indicators, family background, family inputs and school measures.
A total of 12,620 children survived past the age of 1 and returned at least one questionnaire.
Of these, 642 were excluded because either their mother or father is of non-white ethnic origin, leaving 11,978 potential participants. Our sample selection process is as follows. First, we select those children for whom we observe their genotypes, leaving us with 7,368 children. Second, we drop children with missing data on fat mass. Children were invited to attend specially designed clinics, where their anthropometric measures were recoded. As not all children attended these clinics, our sample sizes reduce to just over 4,500. We further restrict the sample to those children for whom we observe their educational outcomes, leading to a final sample size of 3,729 children. 11 We deal with missing values on other covariates using multivariate imputation. We also discuss the results after imputing missing values for all variables apart from the genotypes, resulting in a sample size of 7,368 children.
Measures of Academic Achievement
Our main outcome measure is the child's Key Stage 3 (KS3) score. The KS3 exam is a nationally set exam, taken by all 14-year-olds in English state schools. 12 This measure of children's performance is therefore objective and comparable across all children. Children's scores for three subjects (English, maths and science) are obtained from the National Pupil
Database, a census of all pupils in England within the state school system, which is matched into ALSPAC. We use an average score for the three subjects, standardised on the full sample of children for whom data is available, with mean 100 and standard deviation 10.
Measures of Child Adiposity and the Genetic Variants
Our main measure for child adiposity is the child's body fat mass (adjusted for age in months, height and height squared), as measured by a dual-energy X-ray absorptiometry scan (DXA) at age 11. This method scans the whole body, dividing it into body fat, lean tissue mass, and bone density. We standardise fat mass on the full sample of children for whom data are available, with mean 100 and standard deviation 10. For the genetic variants, we use two SNPs that have been consistently found to relate to weight: FTO (rs9939609) and MC4R (rs17782313). 13 Due to the nature of the association between MC4R and adiposity (a dominant genetic model), we specify this as a binary variable indicating whether the child carries at least one risk allele (C); i.e. we compare individuals with genotype CC or CT to those with genotype TT. FTO is specified as having three categories: no risk alleles (homozygous TT), one risk allele (heterozygous AT) and two risk alleles (homozygous AA).
11 t-tests of mean equality show the final sample to be slightly wealthier than the original ALSPAC sample, with mothers being somewhat older and having fewer mental health problems. The probability of being in the final sample however, is unrelated to FTO and MC4R, suggesting that sample selection is unrelated to the genotypes measured here. 12 93 percent of English children attend state schools. 13 The rs-number (reference SNP, or RefSNP) is an identification tag that uniquely positions the polymorphism in the genome. All genotyping was performed by KBioscience (http://www.kbioscience.co.uk). SNPs were genotyped using the KASPar chemistry, which is a competitive allele-specific PCR SNP genotyping system using FRET quencher cassette oligos (http://www.kbioscience.co.uk/genotyping/genotyping-chemistry.htm).
Control Variables
We observe an unusually rich set of child and family background characteristics that we include as covariates as they may be related to both adiposity and the child's educational performance. We control for the child's birth weight and for the number of older and younger siblings under 18 in the household. As children's educational outcomes are known to differ with their age, the analyses include binary indicators for children's age (in months). We include several controls for socio-economic position: log equivalised family income and its square, four binary indicators for mother's educational level, the mother's parents' educational level, an indicator for whether the child is raised by a lone parent, binary indicators for the family's social class, maternal age at birth, and parents' employment status when the child is 21 months. We also include a measure of small (local) area deprivation: the
Index of Multiple Deprivation (IMD).
14 In addition to these generally observed controls, our data allow us to also account for further measures of mother's health and behaviour, which may be correlated to both children's adiposity and educational attainment. In addition, we use these to test whether mother's behaviour differs significantly for the different genotypes. We include two binary variables which measure whether the mother smoked or drank alcohol in the first three months of pregnancy and account for ordered indicators for the intensity of mother's breastfeeding (never, <1 month, 1-3 months and 3+ months). We include the mother's 'locus of control', a psychological concept that describes whether individuals attribute successes and failures to internal or external causes. Those with an internal (low) locus of control see themselves as responsible for the outcomes of their actions. Those with an external (high) locus of control believe that successes and failures are chance-determined. Although the literature does not agree about whether maternal mental health affects the child's cognitive functioning (see e.g. (2009) 
Petterson and Albers (2001) and Frank and Meara
Descriptive Statistics
We begin by examining whether the instruments are associated with adiposity by plotting the empirical fat mass distribution functions (as in Angrist, Graddy and Imbens, 2000) for individuals who are homozygous for the common allele (TT), heterozygotes (TA) and homozygotes for the rare allele (AA) for FTO. Similarly, we plot the distribution functions for those who are homozygous for the common allele (TT) or either heterozygous or homozygous for the rare allele (TC or CC) for the MC4R variant. The left panel of Figure 1a shows large differences between the distributions, with homozygotes for the rare allele of FTO having most fat mass. The right panel of Figure 1a presents the differences between these distribution functions, plotting the unnormalised weight functions. As discussed in section 3.1, the IV approach estimates the coefficient of interest (3) Appendix C presents summary statistics for individuals who are homozygous for the common allele, heterozygous and homozygous for the rare allele of FTO and MC4R. 18 The mental health, measuring general anxiety, depression and somaticism. Higher scores mean the mother is more affected. 16 A continuous variable ranging from 0-10 is included measuring the mother's 'teaching score'. This is constructed from questions that measure whether the mother is involved in teaching her child (depending on the child's age) songs, the alphabet, being polite, etc. We use an average score from three measures at ages 18, 30 and 42 months to capture longer-term involvement. Likewise, a variable is included indicating whether the mother reads/sings to the child, allows the child to build towers/other creations etc, measured at age 24 months.
first two rows show significant relationships between the number of risk-alleles of either FTO or MC4R and fat mass or BMI. The table shows that these differences are mainly driven by children's weights rather than their heights, which shows no large differences for both variants.
Finally, the contextual variables and the measures of mother's health and behaviour do not show any clear patterns of differences across the child's genotypes. 19 For example, those who are heterozygous or homozygous for the FTO risk allele are of slightly higher social class, and mothers whose child is heterozygous or homozygous for the MC4R risk allele are less likely to work full-time. However, there is no obvious structure in the magnitude or significance of these differences, supporting the assumption that the genotypes are distributed randomly in the population and are unrelated to other child or family characteristics. Also note that the two genetic variants are uncorrelated (r=-0.006), and that both variants lead to an increase in adiposity. If this rise in adiposity affects (e.g.) mother's behaviour, we would expect to see similar patterns or differences in mean characteristics for both variants. Only for mother's locus of control do we find increasing scores for both variants; none of the other behaviours or preferences show similar patterns, supporting the assumption that they are not affected by the genotype (condition two in section 3.2 above). Table 1 presents the OLS results from the regression of the KS3 scores at age 14 on fat mass at age 11. 21 The relationship between fat mass and educational attainment when not controlling for any other covariates -equation (2) above -is negative, with a one standard deviation increase in fat mass associated with a 0.1 standard deviation decrease in test scores (column 1). We augment this to account for the contextual variables (column 2) and mother's similar when using a binary variable. Robust patterns of significant differences would indicate possible violations of Assumption 1. 19 There are also no differences in mother's health and behaviour by mother's genotype (results available from the authors). 20 Appendix B presents the relationship between our SNPs and an additional set of background variables that are not included in our analyses. Apart from strong positive associations with waist and hip circumference, it shows no clear patterns of significant differences, providing further evidence that our instruments are likely to satisfy assumption 1. 21 A non-parametric locally weighted regression between educational attainment and the child's fat mass indicates a clear negative relationship, linear over the full range of the fat mass distribution.
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health and behaviour (column 3). 22 This brings the estimate closer to zero, but a negative association remains. The estimated coefficients of the other covariates (not shown) are in line with priors and other analyses of educational attainment on these UK tests. 23 In summary, the OLS findings suggest that there is an inverse correlation, albeit a small one, between children's fat mass and their educational attainment.
IV Estimates
We now turn to the IV estimates, instrumenting the child's fat mass with the two genetic variants. As mentioned above, FTO contains three distinct values, indicating the number of risk alleles carried by the child, which we include as a linear indicator. MC4R is a binary variable indicating whether the child is either heterozygous or homozygous for the rare allele. The IV results are presented in Table 3 . Column 1 replicates the OLS findings from Table 1, whilst columns 2-4 show the findings after instrumenting for fat mass. Controlling for all covariates, the OLS results show that fat mass negatively affects school performance. When 22 The contextual variables X include: child birth weight, age in months, number of older and younger siblings under 18, log equivalised family income and its square, mother's and mother's parents' educational level, lone parent status, social class, maternal age at birth, parents' employment status, and IMD. Indicators for mother's health and behaviour P include: mother's smoking and drinking during pregnancy, breastfeeding, mother's 'locus of control', two measures of maternal mental health (EPDS and CCEI), parental involvement or interest in the child's development, and parents' engagement in active (outdoor) activities with their child. 23 Girls perform better, and the child's age is positively related to performance. Test scores are lower for those brought up by a stepfather rather than the natural father. Mother's education and father's social class are positively related to the child's test score. Mother's employment status negatively affects the child's performance, with larger coefficients for full-time employment compared to part-time. Test scores are lower for those living in more deprived areas and for those whose mothers have an external locus of control. Mother's teaching and child related activity scores show positive associations with school performance. 24 As a general test of gene-environment interactions, we explore whether our genetic variants are only expressed in specific environments, and therefore whether there is any direct evidence of violation of the monotonicity assumption. We re-estimate the first stage regression, interacting the genetic variants with indicators for various subgroups and test whether the FTO and MC4R coefficients are the same across groups. We specify the following subgroups: gender, duration of breastfeeding, social class, mother's educational level, and quartiles for birth weight, log income, the Index of Multiple Deprivation (IMD) and mother's teaching score. The results (available from the authors) show no significant differences in the estimates, suggesting that gene-environment interactions do not play an important role for the genetic variants used here.
genetic variants are used as instruments however, none of the estimates show significant effects of fat mass on educational performance. 25 The Hansen's J-test does not reject the validity of Assumption 1, i.e. there is no evidence that the genetic variants are correlated with the child's unobserved characteristics.
Although the IV estimates are of opposite sign and more than double the magnitude of the OLS estimate, the large standard errors preclude us from rejecting the null of no effect. In fact, the Hausman tests for the endogeneity of fat mass shows that the OLS and IV estimates are not significantly different. However, even if one were willing to assume that including the wide range of variables in the OLS regression solves the endogeneity problem -and thus interpreting the OLS estimate as the average causal effect -the magnitude of the estimate shows that, if any, the effect is very small. The OLS confidence interval is [-0.066, -0.014],
indicating that a one standard deviation increase in adiposity leads to a maximum of 0.066 standard deviations decrease in educational outcomes. This corresponds to a decrease in children's KS3 score from the median to the 47 th percentile. Hence, even if there truly were an adverse effect of adiposity on educational outcomes, the magnitude of this effect is very small.
Multivariate Imputation
Although the IV regressions show no evidence of adiposity affecting outcomes, we cannot statistically distinguish the OLS estimates from the IV due to the relative imprecision of the latter. One way of dealing with this is to use a larger sample. For all variables apart from the genetic variants, we therefore impute their missing values using multivariate imputation.
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This leads to an almost doubling of our sample to 7,368 observations. 27 Including the full set of controls, the OLS estimate is virtually unchanged, -0.049, with p<0.000, and the IV estimate is now slightly smaller, 0.0851, with p=0.407. Despite the somewhat smaller standard errors compared to those derived using the original complete data, they remain too 25 Appendix D presents the estimates that distinguish between using only MC4R, and only (specific values of) FTO. As discussed in section 3.1, the final IV estimate in Table 3 is a weighted average of these separate regressions. 26 As the genetic variants do not show any systematic correlation to the other covariates in the model apart from child fat mass, we cannot impute its values; the variants are distributed randomly. 27 Due to the strong within individual association of fat mass and of BMI, and as we observe children's fat mass, BMI and weight at various ages, we have strong predictors of child fat mass if it is missing at age 11. Similarly, a child's performance on the Key Stage tests (taken at 7 and 11 as well as 14) is highly correlated over time. As we observe the child's scores on the entry assessment test, as well as their KS exams at age 7 and 11, this will help in imputing any missing KS3 scores.
large to statistically distinguish between OLS and IV (p=0.185).
Conclusion and Discussion
The increasing availability of biomedical data, in combination with a growing medical literature on the effects of carrying specific genetic variants, introduces a different approach to the examination of certain risk factors on economic outcomes. This paper discusses the method of Mendelian randomization and undertakes an application to child adiposity and academic performance.
We discuss the specific conditions that need to be met for genetic variants to be used as instruments for identification of the average causal response. These conditions have not been
well defined in the current economic literature, but the increasing availability of biomedical data makes understanding of these conditions crucial to the successful use of genotypes as instruments for modifiable risk factors.
Our empirical application uses recently identified genetic variants as instruments for adiposity. We argue that these variants are the best current candidates for use as genetic markers: they have been shown to be associated with adiposity in large population samples and we argue that they are likely to meet the conditions required for suitable instruments. We also use direct measures of body fat mass, rather than the generally used BMI. OLS shows that leaner children perform better in school tests compared to their more adipose counterparts. Our genetic IV analysis, however, shows no evidence that children's fat mass affects their academic performance, although the estimates are imprecise. While an endogeneity test does not allow us to statistically distinguish between the OLS and IV estimates, the magnitude of the estimates shows that any effect is very small. Based on our robust IV approach, we therefore conclude that adiposity is not a major determinant of educational outcomes and encourage further research to move on to examine other modifiable risk factors for low educational attainment.
Our discussion of the conditions for the suitability of genetic variants as instruments and our application raise a more general issue of the use of genetic variants as instrumental variables in economic settings. In our case, while our instruments are not weak in a statistical sense, their effects may be too small to impact on the possible pathways to academic performance.
In other words, a two kilogram increase in adiposity may not lead to a large drop in selfesteem or an increase in absenteeism. To that end, it is perhaps not surprising that we do not find a significant effect on academic performance. That said, FTO is the strongest adipositymarker yet identified. It is relatively unlikely that common variants will be found with larger adiposity-effects, as those with larger effects tend to be discovered before smaller ones (though rare variants with stronger effects may be identified).
This illustrates the more general question of whether genetic variants are powerful enough to identify causal effects in studies examining economic outcomes. 28 The answer to this question will depend on the variant, the risk factor and the outcome of interest. With a rapidly growing medical literature on the effects of carrying specific genetic variants, one option is to wait for more variants to be identified and to combine these into one or more instrumental variables, such as a count of the number of risk alleles. This could increase the explained phenotypic variation and with that, the precision of the estimates. But as noted, in the case of adiposity -and another physical attributes that economists have been interested in such as height -any additional variants are likely to have even smaller effects than those already identified.
In conclusion, we argue that genetic instruments need to be used with care. Their appropriate use requires that several conditions, which have not hitherto been spelt out in economic applications, are met. But even if these conditions are met, the sample sizes in data sets that contain both genetic markers and outcomes of interest to economists may be too small to obtain definitive results. With a rapid increase in the number of genome wide association studies being done, and with a decrease in their costs, this may change, but at present we argue that caution is required until we obtain data on genetic variation in data sets containing outcome measures that are of sufficiently large size to use this approach.
Appendix A: A Brief Introduction to Genetics
Each cell in the human body contains a nucleus in which most DNA (99.9995%) is kept. The phenotype we examine in this paper is child fat mass. Studies that examine the heritability of adiposity generally report large proportions of the variance that are due to genetics: between 0.4 and 0.7 (Plomin, 1986) . 31 A high heritability however, does not imply that any individual genetic variant has large phenotypic effects. For example, there are many different SNPs that affect human weight, though all with small effects: so-called 'polygenes'.
Together, these variants may have a large phenotypic effect.
29 A small amount of DNA exists in the mitochondria, structures that supply the cell with energy. The remainder of this section refers only to nuclear DNA, which is the DNA used to obtain genetic variation in this (and most genetic epidemiology) studies. 30 Conventionally, italics are used to indicate the name of a genetic variant (e.g. FTO); not italicising indicates the protein influenced by a particular genetic variant (e.g. the FTO SNP). We use the same convention. 31 The heritability of a characteristic is defined as the proportion of the total variance that is explained by genetic factors. It is most commonly calculated from twin studies by comparing intra-pair correlations for a characteristic in monozygotic (MZ) twins with intra-pair correlation in dizygotic (DZ) twins. The heritability is calculated as twice the difference between MZ and DZ intra-pair correlations (h 2 = 2*(r MZ -r DZ )). Table D1 presents the IV results using different instrument sets. As discussed in section 3.1, our IV estimates are weighted averages of (a) the Wald estimators using the two instruments FTO and MC4R, and (b) the average causal derivatives calculated at the two values of FTO, with the weights proportional to the adiposity change induced by the instrument, i.e. the instrument strength in the first stage.
Appendix B: FTO, MC4R and a Random Set of Additional Variables
Appendix D: IV Estimation using Different Instrument Sets
Here we show the IV estimates using different combinations of instruments. Column (1) replicates our IV estimate as shown in Table 3 , using the linear indicator for FTO and the binary MC4R. Column 2 shows the IV estimate when using only the binary MC4R; column 3 only uses the linear FTO. Columns 4 and 5 distinguish between the two binary indicators for FTO, and column 6 includes the two dummies simultaneously.
Using the MC4R indicator alone, the IV estimate is 0.035; using the corresponding (linear)
FTO results in an estimate of 0.149. The final estimate of 0.137 (column 1) is closer to that using FTO (column 3) than MC4R (column 2), reflecting the higher weights due to the larger adiposity change induced by FTO. Distinguishing between the two values of FTO, the IV estimate for the (0/1) and (1/2) indicators are -0.084 and 0.580 respectively. Although this difference seems large, the standard errors are also very large. Once both FTO genotypes are included together -either linearly (0/1/2, column 3) or as two binary indicators as in column 6 -the IV estimate is very similar to the final estimate as shown in Table 3 , confirming thatalso with different instrument combinations -we find no evidence of a causal effect of adiposity on educational outcomes. Notes: Column 1 is the specification as in Table 3 , not controlling for any covariates: using the binary MC4R and linear FTO. Column 2 only uses MC4R; Column 3 only uses the linear FTO. Column 4 and 5 include FTO (0/1) and FTO (1/2) respectively. Column 6 specifies both binary FTO indicators as instruments. 95% confidence intervals in square brackets; p is p-value for standard t-ratio 
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